An ongoing, two-fold challenge involves extracting useful information from the massive amounts of highway crash data and explaining complicated statistical models to inform the public about highway safety. Highway safety is critical to the trucking industry and highway funding policy. One method to analyze complex data is through the application of visual data mining tools. In this paper, we address the following three questions: a) what existing data visualization tools can assist with highway safety theory development and in policy-making?; b) can visual data mining uncover unknown relationships to inform the development of theory or practice? and c) can a data visualization toolkit be developed to assist the stakeholders in understanding the impact of publicpolicy on transportation safety? To address these questions, we developed a visual data mining toolkit that allows for understanding safety datasets and evaluating the effectiveness of safety policies.
INTRODUCTION AND LITERATURE REVIEW
Transportation accidents levy a significant cost on societies in terms of personal death or injury in addition to the economic costs. Road traffic injuries are the eighth leading cause of death, and the leading cause of death for individuals aged 15-29 (Lozano et al., 2012; World Health Organization, 2008) . In 2010, transportation injuries have resulted in 1.24 million fatalities worldwide according to the World Health Organization (WHO), World Health Organization (2013, p. v) . In addition to the lost lives, the costs associated with road traffic crashes runs to billions of dollars (Jacobs, Aeron-Thomas, & Astrop, 2000) . These numbers are unacceptably high, especially since many of these fatalities can be avoided with evidencedriven road safety interventions.
Road safety interventions can be effective in reducing the number of accidents and/or mitigating their effects. The WHO states that "adopting and enforcing legislation relating to important risk factors -speed, drunk-driving, motorcycle helmets, seat-belts and child restraints -has been shown to lead to reductions in road traffic injuries" (World Health Organization, 2013, p. v) . These five risk factors are a sample of a larger pool of behavioral factors that lead to accidents. There are increasing regulations worldwide that have been passed to cover these behavioral factors. However, "in many countries these laws are either not comprehensive in scope or lacking altogether. Governments must do more to ensure that their national road safety laws meet best practice, and do more to enforce these laws" (World Health Organization, 2013, p. v) The problem is complex in the U.S., since highway safety policies can be different in neighboring states and the identification of best practice is often unclear (Governors Highway Safety Association, 2013) .
One approach to identifying best practices is to investigate the causes of vehicle crashes, assess the factors that are correlated with high severity/ frequency accidents, and propose interventions that can prevent/mitigate these accidents. Examples are provided in the works of Shibata and Fukuda (1994) , Massie, Campbell, and Williams (1995) , Shankar, Mannering, and Barfield (1995) , Al-Ghamdi (2002) , K. K. W. Yau (2004) , Aarts and van Schagen (2006) , and Kent, Coulter, and Coulter (2011) . These papers followed a common framework that started with identifying (or using previously identified) causal factors and then validating how these factors contribute to traffic crashes. While these approaches are built on a solid statistical foundation, they are often difficult to understand by the stakeholders due, in a large part, to the number/complexity of variables and relationships in the data. Additionally, it is difficult to evaluate whether differences among locations affect the generalizability of their conclusions across geographical regions with different environmental and behavioral conditions.
Another approach to identify the best practices is to retrospectively evaluate whether safety regulations have been effective in reducing accident, injury and/or fatality rates. It should be noted that such studies not only capture the differences pre and post regulation changes, but they can also assess the impact of varying enforcement levels (especially if they compare across states and/or counties). Thus, these studies can be seen to measure whether the policies are comprehensive (or effective), an important consideration highlighted above in the WHO report. These studies investigated several behavioral-related regulations, including: a) the impact of hand-held cell phone bans on reducing fatalities (Jacobson et al., 2012; Nikolaev, Robbins, & Jacobson, 2010; Sampaio, 2012) ; b) the impact of medical marijuana legislation on reducing fatal crashes involving alcohol through substitution effects (Anderson & Rees, 2011) ; and c) the effectiveness of seatbelt laws in reducing the number of teenage traffic fatalities (Carpenter & Stehr, 2008) . The results of this research are usually explained by statistical summaries and p-value tables, which are singularly unconvincing to non-scientist public policy decision makers. In addition, the general public must frequently be convinced politically to support the rationale behind changes to existing laws; and complex statistical analyses can be ineffective in making a convincing argument.
This research proposes that there is a need for new and innovative data-driven traffic safety models that can be both useful for researchers in uncovering promising areas for safety research, and tools for improving how safety research findings can be presented to and understood by the different stakeholders (general public, policy-makers, researchers, etc.). In this paper, a new approach to showing how visualization tools can address this gap is presented, with a focus on their use in detecting trends in highway safety and affecting safety policy making.
In the following sections, the field of Visual Data Mining (VDM) is discussed, and the concept of using this method to generate insights from spatiotemporal datasets is introduced.
Following that we present a brief description of the methodology and the datasets used in providing some examples of how VDM tools could be used for this purpose. We try to provide some simple, obvious examples of how data visualization tools can uncover relationships that may not be captured by traditional modeling methods. Finally, examples are used to demonstrate how the developed visualization toolkit can assist in evaluating the impact of safety policy changes.
VISUAL DATA MINING
VDM is a tool which can aid in exploring hidden information and uncovering trends and patterns from other non-visual methods, It is a data mining approach that is based on the integration of multiple concepts. Visualization techniques which provide powerful and useful visual capabilities in a hypothesis testing mode for users are designed to support data mining tasks before the analysis actually begins (De Oliveira & Levkowitz, 2003) . Visual data mining can overcome the gap between interacting with massive datasets and acquiring more intelligent information from the the analysis (Simoff, Böhlen, & Mazeika, 2008, p. i) . Presenting data visually has been found to be one of the simplest and most effective way to discover trends in data so that humans can make better decisions (Greitzer, Noonan, & Franklin, 2011; Han & Kamber, 2011; Keim, Müller, & Schumann, 2002; Simoff et al., 2008) .
The use of "visualizations" (visualization applications) to uncover patterns is not a new phenomenon in public safety. In disease control, in 1854, John Snow plotted a massive cholera outbreak overlaid on a map of the city of London in order to discover the cause of cholera. This is said to be the first geographical analysis of disease data (Rajaraman, Leskovec, & Ullman, 2012, p. 3-4) . Wickham (2013) briefly reviews the history of how statisticians used visualization techniques to assist in the interpretation of complex analytical results. Good design of graphical displays can help to understand complicated procedures and algorithms and solve complex problems without making assumptions. When automated data mining tools fail, visualization for exploring data can be used to support model explanations and lead to better results. (Keim et al., 2002) .
It is important to mention that not all graphical representations of data are useful, and some can be misleading. Wickham (2013, p. 39-40) includes a list of some of the formal instructions on the effective use of visualizations that was written in 1901 by the International Institute of Statistics. Below, we repeat these oft-forgotten recommendations:
1) "We must keep symbols to a minimum, so as not to overload the reader's memory. Some ancient authors, by covering their cartograms with hieroglyphics, made them indecipherable."
2) "One of us recommends adopting scales for ordinate and abscissa so the average slope of the phenomenon corresponds to the tangent of the curve at an angle of 45 degrees." 3) "Areas are often used in graphical representations. However, they have the disadvantage of often misleading the reader even though they were designed according to indisputable geometric principles. Indeed, the eye has a hard time appreciating areas." 4) "We should not, as it is sometimes done, cut the bottom of the diagram under the pretext that it is useless. This arbitrary suppression distorts the chart by making us think that the variations of the function are more important than they really are." 5) "To increase the means of expression without straining the reader's memory, we often build cartograms with two colors. And, indeed, the reader can easily remember this simple formula: 'The more the shade is red, the more the phenomenon studied surpasses the average; the more the shade is blue, the more phenomenon studied is below average."
While there are no universal visuals that will work for every application domain and problem, there are several factors/guidelines that can help in selecting/developing informative statistical graphics. For example, Tufte (1983, p. 13-15) introduced the term graphical excellence to reflect on graphics that communicate complex ideas with clarity, precision and efficiency. Keim et al. (2002) provided some general rules for expressive and effective information visualization. These guidelines were used in developing the graphics for traffic safety presented in this paper.
METHODS AND DESCRIPTION OF DATASETS
The purpose of this investigation is to develop and apply a small subset of data visualization tools to a large, complex dataset of transportation safety data for the purposes of addressing three research questions:
RQ1. What existing data visualization tools might be appropriate to inform researchers in theory development and decision makers in setting transportation safety policy?
RQ2. Can a data visualization tool be developed to assist in uncovering previously unknown constructs/relationships to inform the development of theory or practice?
RQ3. Can a data visualization tool be developed to assist decision makers in applying and evaluating public policy choices in order to improve transportation safety in practice?
RQ1 will be answered through a focused literature review on data visualization tools used in the context of transportation and safety, as well as a consideration of tools applied successfully in other contexts. A small number of tools will be developed based on this review. RQ2 and RQ3 will be answered by applying the tools developed against "real world" transportation data in an effort to demonstrate efficacy and at least minimal utility of the general approach.
Transforming accident related data into graphical information in order tofacilitate further analysis is our basic principle. Three common types of data in the transportation safety area of interest are temporal, spatiotemporal, and the effectiveness of policymaking (before-after comparison). The temporal data was analyzed by a calendar-based clustering application, and the graphical results show the characteristic of the clusters; thereby aiding researcher insight and theory development. Next, the mapping tool combines the geographic data with accident related information and statistical reports displayed on a map as an example of the treatment of spatiotemporal data. It consists of the Visual Basic Application-based (VBA) dataset and Microsoft MapPoint. The constraint for the mapping tool is the limitation of VBA functions. The speed of executing the tool relies on the quality and quantity of the VBA codes and dataset. While the current application is scalable, additional refinement is needed when the volume of the dataset increases. The current application can handle up to 1,048,576 rows by 16,384 columns of data and its execution speed is a function of computing resources.
In this paper, we have used two datasets to depict the effectiveness of the proposed/ developed visual data mining tools in enhancing our understanding of emerging patterns and trends that are related to traffic safety. Both datasets are collected for U.S. traffic by state and/or governmental agencies. The first dataset consists of traffic flow counts per hour collected by the Alabama Department of Transportation (ADoT) using a traffic camera between January 2005 and December 2010 (Alabama Department of Transportation, 2011). We did not use the 2011 and 2012 data in our dataset since they involved a massive amount of missing data. The data captures directional traffic flows caught hourly by the sensors on a busy interstate highway (I-85, sensors located 6.0 miles south of Macon Co. Line). The sensor captures whenever a motor vehicle passes the location and counts for a record. It is important to note that traffic volume is one of the measures traditionally used to normalize accident data (Gregoriades et al., 2011; Ivan, 2004; Laessig & Waterworth, 1970; Stamatiadis, Agent, & Bizakis, 1997) . However, the estimation of the target variable may contain misleading information because the traffic volumes vary by location and time. Thus, we investigate how visual data mining tools can be used to disaggregate traffic flows to account for seasonal variations and emerging patterns.
The second dataset was gathered using the Fatality Analysis Reporting System (FARS) from 
REVIEW OF RELEVANT DATA VISUALIZATION TOOLS SUBSET
Visualization tools can be used in research to observe the occurrence of traffic events and explore the information from the events. One of the concerns for practitioners is to provide more efficient and understandable results for the stakeholders by improving the current approaches or developing other useful techniques. The key is to know how to connect the data and the result presentation. We introduce the highlights of recent transportation safety research and emphasize some of the appropriate data visualization tools that can be used.
For a large dataset, it is difficult to move forward without understanding the basis of the contents. The histogram, one of the basic visualization tools, can indicate the distribution of information. The daily pattern and seasonal trends of the fatal crash data from 2001 to 2011 can be explored in histograms, according to N. Yau (2013) . From the results, he stated that most of the crashes occur in the evening in terms of time of day, and trends can also be found regarding the day of the week and month. Instead of looking at the meaning of each data point, the aggregate values of the data sometimes extract more hidden information.
Another example can be found in traffic volumes, which researchers started to study in the mid 1960's (Roddick & Spiliopoulou, 2002) . Except for various plots, cluster analysis was initially adopted to analyze traffic volumes in the 1990's (Black, 1991; Flaherty, 1993 (Erdogan et al., 2008; Liang, Mo'soem, & Hua, 2005; Yi et al., 2001 ). Besides using a GIS, a large number of practitioners constructed internet-based mapping tools to monitor different safety related incidents such as the Global Incident Map and the National Incident Map. They used graphics to display where the incidents occurred. A text box with detailed information is also shown with the selected incident. The text box may contain useful information, but the detailed information sometimes causes difficulty in interpretation and communication. In addition, the information could not be extracted or synthesized among multiple points. Some advanced mapping tools are designed and displayed on the websites such as Baton Rouge Traffic Incident Map, CrashMap, 
DEVELOPING A VDM TOOLKIT
In the last section, we presented some of the visualization tools that are relevant to transportation safety.. Here, two tools are used to demonstrate the power of visualization in uncovering unknown contrasts, which can be used in informing the relevant stakeholders. First, we present how the approach of Van Wijk and Van Selow (1999) can be used to detect seasonal trends in the Alabama traffic flows. Animation can then be used to highlight how spatiotemporal traffic accidents can be depicted on a map.
Uncovering Seasonal Patterns in Traffic Flows
Using the ADoT dataset and the approach of Van Wijk and Van Selow (1999), we examine the traffic flows for 2005. Since the approach is based on k--means clustering, we also explore the effect of the number of clusters (k) on the observed patterns. One can think of the choice of the value for k as the degree of granularity required for the data analysis. Typical values of k can range from 2-12 depending on the application and a priori theoretical framework. The result for k=2 is portrayed in Table and Figure 1.
The table shows a "traditional" calendar-based approach to showing the layout between two clusters on a day-day basis. For each month in the calendar, every day of the week in that month is coded for each respective means cluster, while the grayed out cells represent days falling into an adjacent month. By contrast, the Figure breaks down the daily data into hourly segments-and reveals the reason why the two clusters are statistically separable. The y-axis represents the average traffic volume per cluster, the x-axis represents the time of the day, and the two lines correspond to the different clusters. Prior to the analysis, one could hypothesize that using k=2 should result in distinguishing between weekdays and holidays. However, the two clusters depicted in Figure 1 show that in general Fridays have a different pattern than weekdays with larger counts of vehicles on the road starting from around 9 am until midnight. This pattern is also observed on spring/summer Sundays as well as days around holidays (Martin Luther King, Jr. Day, Fourth of July, Thanksgiving, Christmas, etc.) as depicted by the calendar based table.
If more detail is needed, the VBA tool allows the user to pick the value of k and see the corresponding effect. Table and Figure 2 provides the results for k=5 clusters. Here, one can see that the patterns become different (i.e. not only magnified, but having different shapes) for the different clusters. For example, the cluster corresponding to Saturdays (cluster 3) shows a uniform traffic flow peak between 9 am and 5 pm. Such a pattern is quite distinct from the regular weekday patterns (clusters 4 and 5) where the peak is around 5 pm when most day shift employees travel home. Cluster 4 indicates that employees leave work earlier (and in greater numbers) on Fridays, which is an expected outcome. Thus, the use of clustering can provide evidence for daily and seasonal effects, which can inform hypotheses and research regarding traffic volumes. The calendar view allows the observer to capture all the information in one screen (which presents the contribution of the work of Weijermars and van Berkum (2005) ). We present the case of k=8 in Table and Figure  3 . While the increase in number of clusters have resulted in clusters that are almost identical (i.e. clusters 5 and 6), we were able to capture a significant departure from the patterns described above in cluster 3. Cluster 3 is significant even though it captures only five Saturdays in the Fall. This result suggests an underlying phenomenon not previously anticipated by the two principle investigators due to their unfamiliarity with local custom. Upon further investigation, the researchers uncovered a local cultural phenomenon driving increased traffic volumes. These days correspond to five out of eight Saturdays when the Auburn University college football team played home games. With a stadium capacity over 87,000, these football games result in heavy commuter traffic on I-85 which passes through the city of Auburn. It is interesting to mention that all these five games were morning/early-afternoon games with a latest start of 2:30 PM local time. On the other hand, the remaining three games (Sept. 3rd, Oct 1st and Nov. 12th) were all evening games with an earliest start of 6 PM local time. Therefore, cluster 3 captured a coherent set of events that have a tremendous impact on the local community and that has a unique traffic pattern consistent with alumni driving to Auburn from Mobile and Montgomery (two of the largest cities in the state) to watch the game. Note that Station 44 is approximately 40 miles away from Auburn and I-85 is the only interstate which can be used to drive to Auburn University. This simple (somewhat obvious to North American followers of NCAA football) example serves simply to illustrate the the ability of this form of analysis to highlight unusual, event driven phenomenon.
While this may seem like an "obvious" factor to consider for those familiar with the popularity of American college football, two points need to be made. First, not all transportation safety researchers are familiar with all characteristics of human behavior that may drive traffic patterns. The tool can discover "local" or "unique" factors the researchers may be unaware of a priori. Second, this visualization can also be used to uncover a previously unaccounted for phenomenon, and explain or highlight its impact on traffic patterns. This was the case for two of the researchers on this project. For example, the tool can then be used to drive policy decisions for government (increased policing on game days, re-routing of commercial traffic, postponement of lane closures, etc.) and industry (alternative routing during congestion, timing of travel through congested lanes, etc.) alike. The tool can be used for both discovering and alleviating the impact of "predictable" eventdriven safety and efficiency factors.
This tool is also useful for exploratory disconfirmation. In recent years, there has been a strong geographical shift in the location of manufacturing plants in North America.
Specifically, major assembly plants (and their suppliers) have been relocating to the Southeast due to the availability of a trained, efficient and lower cost (non-union) workforce, proximity to major logistics hubs, as well as state support and financial incentives in the form of lower taxes. From a research standpoint, one would anticipate greatly increased volumes of commercial traffic along the major corridors linking vendors and manufacturers. One would expect that this might lead to increased accident rates and reduced transportation efficiencies. Because the ADoT provided traffic volume reports since 2005, the comparison of traffic volumes before and after automotive plants arriving was possible. However, this has not been shown to be the case with traditional analytical methods. The use of the tool by the investigators revealed a potential explanation for the lack of evidence. The economic crisis also hit the automotive industry hard in 2008, and this moderating factor could have suppressed any expectation of increased activity. While it is quite possible that other tools could have been used to uncover and explore the influence of counter-balanced factors (economic activities), we found it particularly useful in guiding our investigation into this hypothesis.
Visualizing Spatiotemporal Transportation Safety Data
Compared to the relatively expensive commercially available GIS analytical software systems, the researchers developed a low cost VBA-based interactive visualization tool that can transform accident data into an animated map. In addition to displaying location and time on the map, the tool is able to show three other variables dynamically denoted by symbols, shapes, and colors selected by the user. Also, the built-in information (such as population per state) can be displayed on the map. This multidimensional visualization tool is proposed as a potentially informative and flexible way to provide an effective overview for users to analyze the data. While this is impossible to replicate in grayscale, it is hoped that Figure 4 can provide a reduced fidelity version of what is possible.
In Figure 4 , the map layer is shaded by population size for each state. The darkest hue of the states represents a population size greater than 30 million. The shade of the symbols show the accidents that have occurred on the different days of the week. It should be noted that the user can select the number of days that will be shown on the map, which allows for visualizing different hypotheses and research questions. The symbols (on the right side of Figure 4 ) indicate the number of fatalities per traffic accident. Additional relevant information can be depicted with the histogram, line chart, bar chart and/or pie chart, which we provide as a part of the toolkit. In Figure 4 , we summarize the counts of types of routes where fatal accidents occurred in 2011. State highways show the highest occurrences of accidents. We believe that this snapshot view of the data can be very informative, especially with the ability of the user to query and select specific ranges (or values) for the variables he/she would want to depict.
This visualization tool provides a complete accident monitoring system, seeing different accident-related variables associated with the location and time in the same graph. The users can now know the frequency of accidents based off of location, time, weather conditions, type of vehicle or any other variable of interest they select. Researchers or public policy decision makers can get precise information on how to interpret the data in the data preparation stage and then move forward to analyze the data.
DEVELOPING A DATA VISUALIZATION TOOLKIT TO EVALUATE SAFETY POLICY CHANGES
In this last section, we use our data visualization toolkit to demonstrate the hidden patterns from the traffic flows and examine the animated transformation from spatiotemporal traffic accidents onto a map. In this section, a new data visualization form from the toolkit is introduced. A statistical analysis is performed initially to catch the potential impact of policy changes. The conclusions are displayed on a heat map where different colors shade the significance of policy adoption and symbols simply represent the results of interest.
Examining the Potential Impact of Safety Policy on Accidents
The example used for this demonstration is the effectiveness of "Distracted Driving Laws" which have been enacted in recent years. Within the 12 southeastern states, seven have banned texting while driving including Arkansas, Georgia, Kentucky, Louisiana, North Carolina, Tennessee, and Virginia before January 2012.
The laws apply to all vehicle drivers including CMV drivers. There are two accident measures within southeastern states for the time periods before and after text messaging ban laws were enacted. These two measures are fatal injury rate and non-fatal injury rate standardized by 100 million vehicle miles traveled by all vehicles as a measure of overall highway safety. Based on the state size, there are four different indicators: 100 million vehicle miles traveled, 100,000 population, 100,000 registered vehicles, and 100,000 licensed drivers, for calculating the fatality rate as well as injury rate. Nevertheless, 100 million vehicle miles traveled is more accurate for measurement. The main target is to test the efficiency of those states that have adopted the distracted driving law, and to transform the results into a graphical pattern. In other words, better efficiency means there is significant evidence to show that the fatality rate after embracing the distracted driving law is lower than before.
The first step of the analysis is conducted at a 5% significance level by testing the hypothesis that the text messaging ban law had a positive influence on reducing fatal and non-fatal injury rates ( 
Visualizing the Statistical Results of Policy Changes
In order to improve the understanding of the impact of policy changes, we visualized the outcomes by plotting the results on the U.S. map according to the p-values (Figures 5 and 6 ). Three categories are classified for the potential impact of policy making by symbols: the smiley face, mad face, and stop sign. A "smiley face" indicates where the policy has had significant impact in reducing fatality and injury rates, the "mad face" shows the opposite result, and the "no sign" means the state has not adopted the selected policy. This easy-to-use and straightforward visualization tool can also show the impact of any policy making after gaining the results from statistical analysis. Although discussing a single traffic policy may ignore the compound effects with other policies, this tool shows a potential way to present how policies impact the drivers' behavior in easy to understand visual form.
CONCLUDING REMARKS
To effectively learn from the ever-increasing volume and complexity of traffic data collected, this research effort explored how visualization techniques can be used to extract trends and to gain further understanding about factors of interest affecting transportation safety. Traffic safety is a critical issue to the trucking industry and is also very relevant to highway funding decisions. First, we examined how existing visual data mining tools can assist in theory development and policy making. The focus was on presenting some of the tools that have not been heavily used in the exploratory data analysis of transportation datasets. Some of these tools have been used for exploring similar traffic datasets (e.g. the work of N. Yau (2013)), while others have been applied outside the transportation field.
Using the insights from these methods and some fundamentals of visual data mining, we developed a new and potentially useful "visualization toolkit" that can be used to uncover unknown relationships in traffic volume; primarily in the clustering of traffic flows and visualizing the patterns associated with each cluster. We also provided a spatiotemporal multi-characteristic plot that allows practitioners and researchers to simultaneously visualize up to five variables of interest on a map; the model used included time and space variables. Such a tool can be useful when studying a dataset for the first time and in evaluating the validity of modeling assumptions.
Our third proposed contribution is based on the development and use of a "p--value heat map" that assists policy-makers, researchers and the general public to succinctly see the potential impact of public policy on the reduction of nonfatal and fatal crashes. This tool helps policy-makers who may not have a strong statistical background to understand statistical outputs of policy-analysis models.
The results from this paper attempted to demonstrate the power of visualization and how they can assist with both theory development and explaining the results of statistical models. There remains significant work to be done in this area, including integrating visualization methods with traffic databases for real-time visualization of emerging trends, better understanding of the limitations of these approaches, and ensuring that these tools can be generalized to multiple application domains.
Supplemental Material -The clustering tool is located at: https://www.dropbox.com/s/ lyq1tqhaquipjq3/CA2005.xlsm. The other tools are in the process of being revised for public use. Upon publication, we will provide the most upto-date version at the corresponding author's website. 
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